
Automatic Synthesisof Statistical Data AnalysisPrograms

— Position Statement—

BerndFischer
RIACS/NASA AmesResearchCenter���������
	���
������������������
�������������

Statisticaldataanalysisis a core activity in experimen-
tal sciences.It encompassesa wide variety of tasks,rang-
ing from, e.g., a simple linear regressionto fitting com-
plex dynamicalmodels.Developingstatisticaldataanalysis
programs,however, is an arduousanderror-proneprocess
which requiresprofoundexpertisein differentareas:statis-
tics, numerics,softwareengineering,andof coursethesci-
entificapplicationdomain.

We believe thatstatisticaldataanalysisis a very promis-
ing domainfor theapplicationprogramsynthesis,despite—
orevenbecause—thesedifficulties.Statisticsprovidesauni-
fying andconcisedomain-specificnotation.Graphicalmod-
els (Buntine1994)provide a structuringmechanismwhich
can be exploited during the synthesisprocess,e.g., to de-
composea probleminto independentsubproblems.Statisti-
calalgorithmslikeEM (Dempster, Laird,& Rubin1977)are
oftenapplicableto a wide rangeof problems;their generic
formulationsallow a “plug’n’play”-style algorithmcombi-
nation. Recentlydevelopedsophisticateddatastructuresas
for example "! -trees(Pelleg& Moore1999)offerorders-of-
magnitudespeed-upfor certainproblemsbut arerarelyem-
ployed dueto the increasedprogrammingcomplexity they
cause.Finally, dataanalysisis characterizedby aniterative
developmentstyle: an initial modelis hypothesized,imple-
mented,evaluatedon realdata,and—ifnecessary—refined.
However, eachiteration typically involvessubstantialpro-
grammingefforts as prototypingis often not sufficient to
work with realdatasetsandevensmallmodelmodifications
mayrequireradicallydfferentalgorithms.Programsynthe-
sisencapsulatesmany of thestatistical,numerical,andsoft-
wareengineeringaspectsof eachiterationandthusallows
usersto concentrateon their scientificapplication. Its fast
turn-aroundtimesmakemodelrefinementanddesign-space
explorationfeasible.

We are currently developing AUTOBAYES, a program
synthesissystemfor the generationof data analysispro-
gramsfrom statisticalmodels.A statisticalmodelspecifies
thepropertiesfor eachproblemvariable(i.e.,observationor
parameter)andits dependenciesin theform of aprobability
distribution. Figure1 shows the modelfor a randomwalk
(i.e., a simplenoisy dynamicalprocess)in AUTOBAYES’s
inputnotation.Thelasttwo linesarethecoreof thespecifi-
cation;theremaininglines just declarethemodelvariables
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Figure1: AUTOBAYES specificationof randomwalk

andimposesomeadditionalconstraintson them.Thedistri-
butionstatementA.BIH�F0JK�
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characterizesthe observed data W : eachobservation W�X is
normaldistributed(or Gaussian)with a graduallychanging
meanand constantbut unknown error. Its meanvalue is
expectedto dependon the previous observation W X�Y.Z and
anunknown drift rate. Over time, thedatapointsthusdrift
away from their origin, which is heremodeledaszero.The
optimizationstatement
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characterizesthe dataanalysistask: find the valuesfor the
unknown rate anderror parameterswhich explain bestthe
known data W , i.e., maximizethedataprobabilityunderthe
parametervaluesandmodeldistributions.

From such models, AUTOBAYES generatesoptimized
and thoroughly documentedC/C++ code which can be
linked dynamically into the Matlab and Octave environ-
ments.AUTOBAYES follows a schema-basedsynthesisap-
proachratherthan the direct proof-as-programs-basedap-
proach.However, schemascanequivalentlybe understood
astheoremsof thedomaintheoryor asgenericalgorithms,
and AUTOBAYES incorporatesschemaswith a distinctive
“theoremflavor” aswell assuchwith moreof an“algorithm
flavor.” Theschemasareorganizedinto fourdifferenthierar-
chicallayers.Thetop-mostlayercontainsthemosttheorem-
likeschemas,whicharedirectformalizationsof differentde-
compositiontheoremsfor graphicalmodels.Theseschemas
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containalmostno codeskeletons. The subsequentlayers
then becomemore and more algorithm-like as their code
skeletonsgrow moreandmoredetailed.Theselayerscon-
tain formuladecompostionschemas(e.g.,an index decom-
position for independentlyand identically distributed ran-
dom variables),properstatisticalalgorithm schemas(e.g.,
EM), andnumericaloptimizationschemas(e.g.,thesimplex
method),respectively. This layeringis not only conceptual
but is alsousedasa heuristicto control the synthesispro-
cess. Eachschemahas a numberof enablingconditions
whicharecheckedagainstthecurrentstatisticalmodel;each
schemaapplicationcanmodify the modelandthustrigger
the applicationof otherschemas.This mechanismallows
AUTOBAYES to generatecodeasa compositionof differ-
ent schemas,thus “re-inventing” data-analysisalgorithms
from simple building-blocks. AUTOBAYES augmentsthe
schema-guidedapproachby symbolic-algebraiccomputa-
tion and can thus derive closed-formsolutionsfor many
problemsandsub-problems.More detailson AUTOBAYES
and the incorporatedschemascan be found in (Fischer,
Schumann,& Pressburger2000)and(Fischer& Schumann
2001).

We have appliedAUTOBAYES to a largenumberof text-
book examples,machinelearningbenchmarks,andNASA
applications.Theseencompasssuchdiversetasksasfor ex-
ampleclusteringof rocksamplespectra,changepointdetec-
tion in ` -raybursts,andsoftwarereliability estimation.Syn-
thesistimes weregenerallyin the sub-minuterange(on a
360MHzSunworkstation);smallspecificationsaretypically
solved in a few seconds—thesynthesistime for the ran-
domwalk examplefrom Figure1 is 1.8 seconds.Thegen-
eratedprogramswereaslong as2000lines of commented
code.Thisyieldsleveragefactorsfrom specifcationto code
between1:10 and 1:30, dependingon the existence(and
AUTOBAYES’s ability to find) closed-formsolutions. For
therandomwalk example,AUTOBAYES canfind theexist-
ing closed-formsolution;thegenerated120linesC-program
thusconsistmainlyof boilerplatecodeandcomments.
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